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I. INTRODUCTION
The costly financial crises of the 1990s sparked the interest of supervisory agencies and central banks in developing a broader understanding of financial markets and institutions through macro-prudential analysis. Such analysis is intended to complement the micro analysis of individual institutions, as it aims at unveiling aggregate risks emerging from common shocks and risk correlations across institutions (Crocket, 2000) . Large complex financial institutions (LCFIs) play a key role in the stability of global financial markets, and, as such, their surveillance has features of both micro-and macro-prudential analysis. The health of LCFIs can be analyzed by looking at levels and trends in financial soundness indicators, also referred to as macro-prudential indicators.
Financial soundness indicators are based on balance sheet information usually published quarterly, semi-annually, or annually.
2 A problem with these indicators is their use of lagged, historical information based on balance sheet items, which represent a decreasing proportion of LCFIs activities. To analyze forward-looking information, prices of debt, equity, and derivatives have been proposed in devising early warning indicators of bank performance.
One of the most widely used market-based indicators is distance-to-default, which is based on Merton's seminal contribution (Merton, 1974) . Other market measures are based on spreads on (primary and secondary market) subordinated debt issued by banks. 3 A problem with the distance-to-default indicators is that they also need some information on balance sheet items and, therefore, they only partially reflect current market information. Additionally, the information content of secondary markets on senior-and subordinated-debt spreads is also hampered by insufficient liquidity in bank bond markets. For these reasons, such indicators have a limited role as timely early warning measures of risks and vulnerabilities emerging in financial institutions. This paper develops a market-based indicator for financial sector surveillance using a basket of credit default swaps (CDSs). It generalizes the approach taken in Avesani (2005) in two main directions. First, it determines and analyzes the multivariate latent factor structure which underpins the LCFIs' correlation dynamics. By doing so, we move from a framework in which the risk factor sensitivities are the same across institutions and regions, as in the capital asset pricing model (CAPM), to one in which the multifactor risk sensitivities are institution-specific, as in the arbitrage pricing theory (APT). 4 Second, it uses the identified latent factor structure for conducting stress tests in a coherent fashion. Specifically, the risk profile of each institution and of the entire group of LCFIs is stressed through shocks applied to the default correlations and to the values of the identified factors.
The paper is organized as follows. The next section provides a description of the marketbased indicator. Section III briefly describes the methodology for computing the probabilities of default of a CDS basket in a multifactor framework. This section also presents the econometric estimation of the latent factor structure through factor analysis. Section IV describes the CDS spread data and Section V shows the results of the factor analysis estimation. Section VI shows the results of the computation of the default probabilities for different horizons. Sections VII and VIII contain the sensitivity analysis and stress testing of the probabilities of default to shocks in the correlation and factor structures. Section IX concludes.
II. DESCRIPTION OF THE INDICATOR
Many studies on macro-prudential analysis have been based on the lessons learned from the banking crises of the 1980s and 1990s. In this paper we take a more financial-oriented approach by focusing on the information content, relevant for financial stability analysis, of an n th -to-default CDS basket. 5 An n th -to-default CDS basket is the simplest example of a collateralized debt obligation (CDO). A CDO is the securitization of a pool of debt obligations, generally corporate debt, into classes (i.e., the "tranches") of securities with various levels of exposure to the underlying credit risk. The CDO exposure to the underlying pool of debt securities can be direct, that is, a cash transaction where the CDO owns the actual debt securities (cash CDO), or indirect, that is, a synthetic transaction where the CDO writes CDSs on a pool of corporate names or asset backed securities (synthetic CDO).
In a synthetic CDO, the reference portfolio is made up of credit default swaps (CDSs). Much of the risk transfer that occurs in the credit derivatives market is in the form of synthetic CDOs. Understanding the risk characteristics of synthetic CDOs is important for understanding the nature and magnitude of credit risk transfer. In this paper, the synthetic CDO is composed by the actively traded CDSs of 15 large complex financial institutions (LCFIs).
The main differences between an n th -to-default basket of CDSs and a CDO are the leverage and exposure, which the CDO provides and the CDSs don't. The buyer of a CDO (investor) is exposed to the risk caused by the different credit events, which affect the tranches at different points in time. The seller of protection (investor) on an n th -to-default basket of CDSs is exposed only until the specific event on which protection has been sold takes place. For example, in a first-to-default basket, protection on the basket is provided and paid for only until the first name in the basket is subject to a credit event. After that, the financial instrument ceases to exist. In this sense, a first-to-default basket is similar to the equity tranche of a CDO.
Default correlations are the main driver of the CDS basket's value. Let us suppose that we have a basket of five credits where each CDS pays a spread of 100 basis points (bps). In the case of zero correlation, the first-to-default swap would have a spread of 500 bps, i.e., the simple sum of the individual credit spreads. If, instead, the correlation is one, the spread for the basket would be 100 bps, i.e., the maximum of the individual swap spread. Given the relevance of default correlations, this paper concentrates on the determinants of the default correlation structure underlying an n th -to-default basket of CDSs.
III. MODEL DESCRIPTION
Our modeling strategy is based on two key elements. First, following Hull and White (2005) , Gibson (2004) , and Andersen, Sidenius, and Basu (2003), we compute the probabilities of default conditional on a multifactor structure. Second, the multifactor structure is estimated by factor analysis and will allow us to express the LCFI's correlation structure in terms of a set of common factors related to the macroeconomic conditions in which financial institutions operate. As a by-product, the multifactor structure also serves as a platform to conduct stress testing of the default probabilities to shocks in all or some of these factors.
The Pricing Model
This section presents a schematic representation of the multifactor pricing model. In pricing a CDO or a CDS basket, it is assumed, following Vasicek (1987) and Merton (1974) , that the asset value of each institution in the portfolio is influenced by a common set of factors and a specific, idiosyncratic factor. When the value of the asset falls below a certain pre-specified level given by the value of the debt of that institution, the institution defaults. The asset value of financial institution i can be expressed as a random variable
where the common factors Let H be the cumulative distribution of the i Z . The default probability of i x , i.e., the probability of i x falling below a threshold i x , is characterized as:
, denote the probability that exactly l defaults occur by time t , conditional on the common factors Μ , in a reference portfolio of N financial institutions.
Let i F be the cumulative distribution of i x . Under the copula model, i x are mapped to the i t using a percentile-to-percentile transformation. The percentile point in the probability distribution for i x is transformed to the same percentile point in the probability distribution of i t . We define ) (t Q i as the cumulative risk-neutral probability that institution i will default before time t , in general, the point
can be expressed as follows:
where i λ is a (forward) default hazard rate function. The functions
,..., 1 ), ( = can be bootstrapped by standard means from the quoted CDS spreads and are assumed known for all t .
The distribution of the number of defaults conditional on the common factors Μ can be computed through recursion. 6 Once we have the conditional default distribution, the unconditional default distribution ) , ( t l p can be solved as
The joint density distribution of Μ g ( Μ ), is the product of m standard (independent) Gaussian densities. As we can see, the probability of default is conditional on the factor structure which approximates the correlation among the 15 financial institutions. We describe the estimation of such factor structure in the next section.
Factorization of the Correlation Matrix: "Factor Analysis"
We approximate the copula default correlation matrix between the N institutions is by their equity return correlation matrix. The factorization of the equity return correlation matrix is accomplished through "factor analysis," whereby the 15-dimensional matrix of observed LCFIs' equity returns can be expressed as the sum of an unobserved systematic part and an unobserved error part:
The vector of observed equity returns ( X ), the error term or idiosyncratic variable (U ), and the constant vector of means ( µ ) are column vectors of N components (i.e., 15 LCFIs). The common factors ( F ) is a column vector of m factors, with N m ≤ . The factor loadings matrix (A) is a m N × matrix (where a ij in equation 1 is the generic element of A). The N components of F are assumed to be independent standard Gaussian variables. U is assumed to be independently distributed of F with zero mean and covariance matrix Ψ .
7 Under these assumptions, the maximum likelihood (ML) estimator of A and Ψ are determined by the following two conditions:
where
and T is the number of observations (for details, see Anderson, 2003) .
IV. DATA DESCRIPTION
This paper focuses on the group of LCFIs as defined by the Bank of England (2004) . groups of financial institutions and ranked them according to their perceived relative riskiness.
The first group with the largest credit spreads corresponds to the financial institutions more active in investment banking (i.e. Lehman Bothers, Morgan Stanley, Goldman Sachs, JP Morgan and Merrill Lynch). The second group includes institutions with more diversified activities, such as the largest U.S. and European banks (e.g. Citigroup, Bank of America, Deutsche Bank and Credit Suisse). The third group, with the lowest spreads, corresponds to banks that are seen by the market as well diversified and with a very good quality credit portfolio (e.g. HSBC, UBS, Société Génerale, BNP Paribas, ABN Amro, and Barclays). Overall, the very benign market conditions keep the spreads in a very narrow band that ranges from 7-8 to 24-25 bps. Another important feature of LCFIs is their high degree of cross correlation. Following Hull and White (2005), we use stock returns of the reference entities to estimate their correlation structure. The average estimated correlation for the period (2003-05) was about 40 percent, well above the correlations observed for non-financial companies (Table 1) . 9 The correlations seem to have a marked geographical pattern, with the correlations observed among the European-based institutions and among the U.S.-based institutions being higher than crosscontinent correlations. There are also important variations in the cross-correlations of the financial institutions as different macroeconomic and financial shocks affect their correlation structure. The common factors underlying the variation in the correlation matrix are analyzed next.
V. FACTOR ANALYSIS: ESTIMATION RESULTS
One of the key inputs in the computation of the probability of default and the pricing of the CDS basket are the factor loadings in the asset valuation equation. Following Hull and White (2005) , the factor loadings in (1) are estimated so that they "best" approximate the correlation structure observed in the asset returns series of the LCFIs. To this end, the latent factor model in (5) is made to fit the asset return data. The number of underlying common factors is an important choice variable in order to make the factor model consistent with the observed data. We start by testing that the number of common factors is 0 m (e.g., 1 m 0 = ). If this hypothesis is rejected, we proceed to test for m 0 +1 and continue iteratively until the null hypothesis is accepted or until 0
The ML estimates of the multifactor structure and the results of the likelihood ratio test indicate that 5 common factors fit best the LCFI's asset-return data. 11 The 5 common factors 10 The likelihood ratio test can be expressed as ) likelihood log * (T and is distributed as a chisquare with 1))/2 -m) -((N m) -((N degrees of freedom. We follow Bartlett (1950) by using a correction factor 2m/3)
explain 78 percent of the variance of the asset returns, with the remaining 22 percent being a result of the institution-specific or idiosyncratic variance.
In order to provide an interpretation of the sizes and signs of the estimates of the factor loadings, we undertook an exploratory, principal-component analysis (PCA) of the asset return data for the 15 LCFIs. 12 This analysis revealed that the first 5 principal components could be interpreted as: (i) a factor common to all financial institutions; (ii) a factor mainly related to European institutions; (iii) a factor mainly related to U.S. institutions; and two other factors that could be related to institutions mainly (iv) in commercial banking and (v) in investment banking (similar results have been reported by Hawkesby, Marsh, and Stevens, 2005) .
Following the PCA results, we rotated the ML estimates of the factor loadings matrix A in order to facilitate the interpretation of the factors-i.e., to make the factors look "similar" to the 5 components described above. Each row of A , i.e., the factor loading vector for each financial institution, can be interpreted as coordinates of a point in our m-dimensional space. Thus each factor corresponds to a coordinate axis, and factor rotation is equivalent to rotating those axes and computing new loadings in the rotated coordinate system. Consequently, the factor rotation leaves the statistical properties of our ML estimates unchanged, including the common factors' variance and the residuals' variance. Table 2 shows the rotated, ML estimates of A . The results show clear patterns related to "geography" and "line of business," in particular:
• The estimates of the first common factor (i.e., "financial institution" factor) in the first column of Table 2 show that all institutions are positively affected by the "financialinstitution" factor, with values ranging from 0.64 (Société Génerale) to 0.23 (HSBC).
• The second factor is related to a regional European effect whereby all European institutions are positively affected by it. Factor loadings range from 0.84 (HSBC) to 0.34 (Deutsche Bank). The U.S. banks are also affected by the European factor, but its effect is negative. The negative effect appears to be significant for Bank of America, JP Morgan, and Citibank, and close to zero for the rest.
• The third factor is related to a regional U.S. effect whereby all U.S. institutions are positively affected by it. Factor loadings range from 0.67 (Citibank) to 0.42 (Goldman Sachs). The factor loadings for the European banks are all negative-with the exception of the two U.K. banks in the sample (HSBC and Barclays)-and are generally much smaller than those of the European institutions.
based on the most recent CDS data-daily CDS spread data, computed as the bid/ask average, corresponding to the last quarter of 2005.
• The fourth factor is related to commercial banking business. All but four banks have a positive factor loading. Merrill Lynch, Morgan Stanley, Lehman Brothers, and Goldman Sachs, i.e., the more investment bank oriented, have a factor loading close to zero or negative.
• The fifth factor is related to investment banking business. Goldman Sachs and Lehman Brothers, among the U.S. banks, and UBS and Credit Suisse among the European are the banks with the highest factor loading. The U.S. institutions have higher loadings than the European ones. Finally, a group of banks have factor loadings that are very small or negative, including Société Génerale, BNP Paribas, HSBC, and ABN Amro. Table 3 shows the contributions to the asset-return variance of each common factor. The variance contribution is the squared value of the estimated factor loadings, so that the sum of each row gives the proportion of the variance explained by the common factors. By institution, the factor model seems to provide the best fit for UBS-with 98.6 of the variance explained by the common factors (the European factor and the commercial banking factor are the main contributors, explaining 64 percent of the variance). In contrast, the worst fit is for JP Morgan-with only 64.8 percent of the variance accounted for by the common factors (the U.S. and investment banking factors are the main contributors, explaining 39 percent of the variance). 
VI. COMPUTATION OF THE PROBABILITIES OF DEFAULT
With the estimated matrix of factor loadings A , we are now in a position to compute the implied probabilities of default. It has to be noted that the probabilities of default computed here are forward probabilities, e.g., the current market expectations of future default probabilities. Moreover, these probabilities are risk-neutral, i.e., they are obtained under the assumption that the underlying asset value growth is in line with the risk-free rate, and not with its own actual (e.g., historically observed) rate of growth. 13 Further, we estimate the default hazard rate as the ratio of the CDS spread to the loss-given-default (LGD), which is assumed to remain constant. The calculation of the probability of default is done for every period in which there is a payment of the CDS basket. For example, in the case of a basket of 5-year CDSs there would be 20 payment dates. Figure 2 shows the probability of 0 and 1 defaults over a 5 year horizon based on daily CDS data for end-2005. Several features of the probability of defaults can be highlighted: 13 It is known that risk-neutral probabilities are in general higher than actual default probabilities. Recent estimates for nonfinancial-sector firms (Berndt et al., 2005) suggest that the ratio of risk neutral to actual default probabilities is in the range of 1.73 to 1.79 for rating levels that are comparable with those of the LCFIs (i.e., A-AAA).
• The one quarter forward probability of no defaults is very high (0.99 percent). This is typical of CDS baskets of highly rated financial institutions, such as the LCFIs.
• The probability of no default falls systematically from one quarter ahead to 20 quarters ahead (83.7 percent), logically implying that the market sees the likelihood of defaults increasing as time passes.
• The other side of the coin is that the probability of one default over the next quarter is very small (0.8 percent) and it increases over the 5 year horizon up to 8.2 percent.
Although not shown in the figure, a similar pattern can be observed for the probability of 2 defaults, 3 defaults, etc. The implied probabilities of default provide a good indication of the market's views on the underlying credit quality of the financial institutions in the basket. To illustrate how this indicator captures changes in market perceptions, Figure 3 shows daily estimates for 2005 of the probability of no default over a 2-year horizon. To simplify the computation, the correlation and factor structure are held constant over the sample. They are set equal to the correlation and common factor estimates based on the end-2005 data. We can see how the credit events related to the downgrading of GM are captured by a significant decrease in the probability of observing zero default in May 2005 (e.g., this corresponds to an increase in the probability of observing some defaults). In the second half of 2005, the probability of zero default climbs back to pre-shock levels. While a constant correlation and factor structure may be a reasonable approximation over a short period of time, macroeconomic shocks, financial shocks, and, generally, changes in the business cycle do affect both the correlation and the underlying common-factor structure which drives the LCFIs' dynamics. Figure 4 shows the estimates of the average cross-correlation for the asset returns of the LCFIs in the period 2001-05. 14 The estimates are based on a one quarter window (75 days) to be consistent with market practice. The first salient feature of the estimates is that the average correlation ranges between approximately 25 and 65 percent (obviously with much higher pair-wise correlations, especially within the European and U.S. groups). The second main feature is that the optimal common factor approximation to the estimated correlation matrix varies between 2 and 5 factors. In sum, the rich dynamics in the correlation and common factor structure of the equity returns suggest that a multifactor approach is better suited than a single factor model to compute the probability of default and the pricing of the CDS basket. How sensitive is the implied probability of default to a time-varying correlation and a multifactor representation? Can the multifactor approximation to the correlation matrix serve as a platform to conduct stress test analysis of the LCFIs to macroeconomic and financial shocks? These and other issues involving the sensitivity analysis are examined in the next section.
VII. SENSITIVITY ANALYSIS
To assess the impact on the implied probability of default of different correlations and their multifactor representation, we selected some extreme correlation values from their observed historical distribution. In particular, we selected the highest and lowest average correlations among those with a 5-factor representation, which correspond to the 99.2 percentile and the 1.3 percentile of the historical distribution of average correlation, respectively. They correspond to the 3-month period ending in January 14, 2004 and October 21, 2002 , respectively. Figure 5a shows how in the high-correlation scenario the implied probability of no defaults-over one-quarter to a five-year horizon-is much higher than that in the lowcorrelation scenario. The computation of the probability of default is again based on end-2005 data on CDS spreads. In contrast, Figure 5b shows how in the high correlation state the implied probability of one default is below the implied probability in the low correlation state. These results are consistent with what one would expect: as correlation increases, the financial institutions behave more similarly, therefore the likelihood of observing no defaults tends to be high (i.e., all institutions being in a similar state of credit strength), and similarly, the likelihood of observing only one default falls.
To complement this analysis, we computed the probabilities of no default and one default over the entire historical distribution of correlations and factor structures (ranging from 2 to 5 factors) using the whole sample period (2001-05, about 1250 observations). Figure 6 presents the results in a three-dimensional picture: (i) the vertical axis represents probabilities, (ii) the left axis represents the approximately 1250 observations for the ordered, average correlations (from low correlation, about 25 percent, to high correlation, about 65 percent), and (iii) the right axis represents the number of quarters forward for the estimation of the probabilities of default (from 1 to 20 quarters ahead). The estimates confirm the results obtained earlier, i.e., high correlation gives a higher value for the probability of no default. Additionally, different factor structures also result in varying default probabilities. Finally, we re-estimated all the probabilities of default for the entire sample of CDS spreads . Figure 7 shows the 2-year-ahead probability of zero and one defaults. First, we kept the correlation and factor structure constant and equal to the median average correlation estimated over the period 2001-05 (represented by the thin line in the graph). Second, we let the correlation and factor structure be reestimated over time as new information becomes available using a 3-month estimation window. This results in significant changes in the estimates of probabilities of default (thick line), indicating that updating the correlation structure, as well as its multifactor representation, is critical in the computation of the probabilities of default. J a n -0 3 J u l -0 3 J a n -0 4 J u l -0 4 J a n -0 5 J u l -0 5 fixed variable
Note: "Variable" shows the two-year-ahead probability of default using the rolling estimation of the correlation and factor structure using a 75 day window. "Fixed" corresponds to estimates of the probability of default with a constant correlation structure set equal to the median correlation from its historical distribution (based on 2001-05).
VIII. STRESS TESTING
In the previous section we have shown how the probabilities of default are sensitive to changes in the correlation and in the factor structure. The multifactor structure allows us to analyze also the response of the probabilities of default to shocks in the factors themselves.
As we have seen, the estimated factors are in fact related to the state of the financial and macroeconomic conditions in which the LCFIs operate. For example, if a global recession hits both the European and U.S. financial institutions, the probabilities of default are likely to increase. It then becomes important to understand the relative significance of the different channels (i.e., factors) through which this scenario affects the default probabilities of the institutions.
Specifically, to implement a stress test, we can estimate the probabilities of default (0 defaults, 1 default, 2 defaults, etc.) conditional on a certain value of the common factor. For example, to examine the effect of a "recession" ("boom") on a given factor, we can integrate over the set the values of the factor in the left (right) tail of the factor's distribution (Gibson, 2004) . Figure 8 shows such a calculation. We first computed the implied probability of default over the next 5 years (i.e., 20 quarters). Figure 8a shows the probability of zero default (left axis) and one, two, and three defaults (right axis) in the baseline scenario. The baseline-scenario probabilities are computed based on the end-2005 correlation and factor structure (i.e., the 5 factor structure described earlier). In general, given the high quality of the LCFIs the probability of two and three defaults are well below 5 percent even at the 5-year horizon.
In contrast to the baseline, when all factors enter simultaneously into a generalized recession, the probabilities of default change substantially. As Figure 8b shows, the probability of zero defaults falls from around 90 percent (one quarter ahead), to around 30 percent (two years ahead), and below ten percent (5 years ahead ). The flip side of the coin is that the probability of one default over a two-year horizon jumps significantly up to about 40 percent. The pattern of the different default probability dynamics in a recession is in fact intuitively very appealing. At longer time horizons, there is a progressive worsening of the credit conditions. This shows up as an increase in the probability of observing a larger number of defaults. The multifactor framework also allows for an analysis of shocks to each of the factors individually. Figure 9 shows the probability of default under a negative shock (a recession) to each of the 5 factors individually. Under a negative shock to the first factor or, in other words, when the financial-sector factor enters into a recession, the probability of observing zero defaults falls relative to the baseline scenario. This is a result of all the loadings for the first factor being large and positive. Consistently, the probability of observing 1, 2, and 3 defaults rises above the baseline-scenario probabilities. When shocks affect the other 4 factors, similar patterns emerge. However, the overall impact in terms of the probability of default has a comparatively smaller effect than for the first-factor shock, since some of the loadings are small and/or negative.
We also conducted a stress test analysis for a positive shock ("boom") to all factors as well as one factor at a time. 16 When all factors are jointly in a boom scenario, most of the probability mass concentrates on zero defaults. In the case of a boom for each factor at a time, the probability of zero defaults also has higher values than in the baseline; however, the probability of observing just one default increases over time relative to the baseline. And, consistently, the probability of observing more than one default falls relative to the baseline. 
IX. CONCLUDING REMARKS
This paper develops a market-based indicator for financial sector surveillance. Building on Hull and White (2005) and Gibson (2004) , our approach generalizes Avesani (2005) by adopting a multifactor latent structure in the determination of the default probabilities of a credit default swap basket of large complex financial institutions. Factor analysis shows that the correlation among the financial institutions requires a multifactor representation, which is critical for the computation of the default correlations and, therefore, for the accuracy of this indicator.
The identification and estimation of the factors, which drive the covariance-matrix dynamics, offer an opportunity to bring macroeconomic-related factors to bear in a purely financial model. By doing so, we are proposing a new angle from which to approach stress testing. In fact, the impact of changing macroeconomic conditions (e.g., a recession) is directly modeled through shocks to the multifactor structure that is generated within the financial model.
Our empirical results based on end-2005 credit default swap spreads and stress testing analysis provide the following insights. First, the two-year forward probability of no default (92 percent) has increased markedly compared to the one observed during the May 2005 credit events related to the downgrading of General Motors (88 percent). Second, the stresstesting results for a scenario where all common factors enter a recession simultaneously show that the two-year forward probability of no default would fall to around 30 percent. And, third, a recession in the U.S. factor, that is, a more similar shock to the May 2005 credit events, which affected mostly U.S. institutions, would result in two-year forward probability of default of about 80 percent. Overall, the results obtained from the application of these shocks unveil a rich set of default probability dynamics and help in identifying the most relevant sources of risk.
